Background: Restricted mean survival time is a measure of average survival time up to a specified time point. There has been an increased interest in using restricted mean survival time to compare treatment arms in randomized clinical trials because such comparisons do not rely on proportional hazards or other assumptions about the nature of the relationship between survival curves. Methods: This article addresses the question of whether covariate adjustment in randomized clinical trials that compare restricted mean survival times improves precision of the estimated treatment effect (difference in restricted mean survival times between treatment arms). Although precision generally increases in linear models when prognostic covariates are added, this is not necessarily the case in non-linear models. For example, in logistic and Cox regression, the standard error of the estimated treatment effect does not decrease when prognostic covariates are added, although the situation is complicated in those settings because the estimand changes as well. Because estimation of restricted mean survival time in the manner described in this article is also based on a model that is non-linear in the covariates, we investigate whether the comparison of restricted mean survival times with adjustment for covariates leads to a reduction in the standard error of the estimated treatment effect relative to the unadjusted estimator or whether covariate adjustment provides no improvement in precision. Chen and Tsiatis suggest that precision will increase if covariates are chosen judiciously. We present results of simulation studies that compare unadjusted versus adjusted comparisons of restricted mean survival time between treatment arms in randomized clinical trials. Results: We find that for comparison of restricted means in a randomized clinical trial, adjusting for covariates that are associated with survival increases precision and therefore statistical power, relative to the unadjusted estimator. Omitting important covariates results in less precision but estimates remain unbiased. Conclusion: When comparing restricted means in a randomized clinical trial, adjusting for prognostic covariates can improve precision and increase power.
Introduction
The log-rank test and the Cox 1 proportional hazards regression model are two of the most popular procedures for comparing survival times in different treatment arms of a randomized clinical trial (RCT). The log-rank test is known to be most powerful under proportional hazards alternatives, and proportional hazards are usually assumed when fitting the Cox regression model, although the model can be extended to accommodate non-proportional hazards as described in Cox's original manuscript and by others. 2 A variety of parametric models are also available for analyzing survival data, 3 and these models can be applied under proportional hazards, accelerated failure time, and other frameworks. 4 All of these methods allow for censoring, that is, observations in which the event of interest has not yet occurred, a common feature of survival data from RCTs.
Were it not for censoring, mean survival times could be compared in different groups using standard methods, such as two-sample t-tests or ordinary leastsquares multiple regression if covariate effects or adjustment are of interest. Methods for least squares regression with censored data have been proposed, 5 but are rarely used because of computational issues and, until relatively recently, the lack of available software. 6 In addition to evaluating covariate effects on outcome, covariates are often included in an analysis for two other purposes: (1) to adjust the treatment effect for imbalances in prognostic factors between the treatment arms, although in an RCT this would be adjustment for random imbalances only and (2) to improve the precision of the estimated treatment effect by accounting for other sources of variation.
As censoring generally precludes estimation of the mean survival time, Irwin 7 proposed, as an alternative, to estimate the expectation of life limited (restricted) to a suitably chosen time t Ã . Since survival time is a positive random variable, the mean m could be obtained by integrating under the survival curve
where S(t) is the survival function for the random variable T .0. Although one might consider substituting the Kaplan and Meier 8 estimate of the survival function into equation (1) to estimate m, when censoring is heavy, S(t) is often ill-determined, or even undefined, beyond a certain range. Instead, the restricted mean survival time (RMST) is given by
S t ð Þdt ð2Þ
Thus, m t Ã is simply the area under the survival curve up to the point of restriction t Ã . m t Ã can also be viewed as the mean of a new random variable taking the value T if T \t Ã and t Ã if T ! t Ã , that is
Kaplan and Meier discussed estimation of the restricted mean by substituting the product-limit estimator into equation (2) , and Meier 9 established its asymptotic normality.
Why consider RMST? In addition to its simple interpretation as the mean ''up to'' time t Ã , an important advantage is that comparison of RMSTs between two groups requires no assumptions about the relationship between the two survival curves. Royston and Parmar, 10 in consideration of violations of the proportional hazards assumption, concluded that ''the hazard ratio cannot be recommended as a general measure of the treatment effect in a randomized controlled trial.
[...] Restricted mean survival time may provide a practical way forward and deserves greater attention.'' Uno et al. 11 considered various alternatives to the hazard ratio, including RMST, for quantifying the difference between two survival curves and concluded that the difference or ratio of RMSTs provides a good summary measure. Trinquart et al. 12 conducted a meta-analysis of 54 randomized oncology trials in which they computed both the hazard ratio and the difference in RMSTs and remarked that ''Our analysis also highlights how the difference in RMST provides a clinically meaningful summary of evidence. It allows for quantifying the absolute survival difference and grading the magnitude of clinical benefit.'' Chappell and Zhu 13 point out that, like means, RMSTs have the useful property of being additive, and Uno et al.
14 discuss the advantages of comparing RMSTs in non-inferiority studies with low event rates.
However, one should not lose sight of the fact that the restricted mean is just that-a restricted mean: it ignores everything beyond the point of restriction and cuts off the distribution at t Ã : If the true survival curves remain separated beyond the point of restriction, the difference in restricted means will increase with t Ã . Consequently, estimated differences can appear somewhat small and alternative effect measures, such as the ratio of RMSTs and expressing RMST as the percentage of potential life-years achieved, 15 can be helpful in the assessment of clinical benefit.
Karrison 15 and Royston and Parmar 10 provided sample size formulae for designing a clinical trial based on RMST and made recommendations for choosing the point of restriction t Ã . Karrison 15 also compared the power of RMST with the log-rank test (asymptotically equivalent to the scores test from the Cox regression model) and the generalized Wilcoxon test under proportional hazards and non-proportional hazards alternatives. He found that RMST can provide increased power for early difference alternatives without sacrificing too much power relative to the log-rank test when proportional hazards hold. For late difference alternatives, however, the comparison of RMSTs entailed a loss in power relative to the log-rank test.
Covariate adjustment in linear and non-linear models
In linear models, adjusting for covariates that are associated with outcome increases the precision of the treatment effect estimator. In the classic analysis of covariance (ANCOVA) model, for example, this is achieved through a reduction in the residual variance. In non-randomized studies, adjustment for covariates is almost always necessary in order to reduce confounding, whereas, as mentioned above, in RCTs it serves the dual purpose of adjusting for random imbalances in prognostic factors between treatment arms, as well as of potentially improving precision.
A gain in precision, however, cannot be taken for granted in non-linear models. Robinson and Jewell 16 showed that in logistic regression, adjustment for covariates leads to a loss in precision (or at best no gain). Similarly, Ford et al. 17 demonstrated that in the Cox regression model, adjustment for prognostic covariates does not improve the precision of the estimated treatment effect. Further complicating the decision of whether to adjust for covariates is that omitting influential covariates in both logistic and Cox regression produces a treatment effect estimate that is ''biased'' toward the null. If the model is misspecified, tests of the null hypothesis are valid, but if the alternative hypothesis is true, the ''bias'' toward the null results in diminished power. Therefore, it is still beneficial to adjust for prognostic covariates. 18, 19 Schoenfeld and Borenstein 20 provide an algorithm for calculating the power for logistic and proportional hazards models that incorporate covariates. As in Hauck et al., 19 we have placed the term ''bias'' above in quotation marks because in the case of logistic and Cox regression, the estimand changes as covariates are added, and the unadjusted and adjusted models actually estimate different measures of treatment effect. Heuristically, Hauck et al. describe this as moving from a ''population-averaged'' interpretation for unadjusted estimates toward a more ''subject-specific'' effect in covariate-adjusted models, where covariates can be thought of as representing the subject effect.
As the model for estimating RMST as developed here is also non-linear in the covariates, we address the following questions in this article. How does comparison of restricted means between treatments in an RCT fare in regard to covariate adjustment: is it necessary to adjust for covariates to obtain an unbiased estimate of the treatment effect, and does adjustment for covariates improve precision and/or statistical power? 
Methodology
Karrison 21 incorporated covariates into the analysis of RMST by fitting a piecewise exponential model
where l g (tjz) is the hazard rate at time t for an individual in treatment group g with covariate vector z, and
The key features of this model are that (1) covariates are assumed to have proportional hazards effects, whereas (2) the different underlying piecewise constant hazard functions in the two treatment arms avoids the proportional hazards assumption with respect to the treatment effect. The fact that the b coefficients are assumed to be the same for both treatment groups makes the model analogous to the standard ANCOVA model in this regard. Zucker 22 avoided the arbitrary specification of intervals and developed asymptotic theory for estimating RMST under the stratified Cox model
where the baseline hazard function for group g, l 0g (t), is left completely unspecified. We will use Zucker's model (3) in what follows. Zucker used the Breslow estimator for the cumulative underlying hazard function in group ĝ
Here, T (i) are the ordered event times in group g, Y gj (T (i) ) is an indicator of whether the jth individual from group g is in the risk set at time T (i) , z gj is the covariate vector for the jth individual from group g, and n g is the number of subjects in group g. This leads to the following estimate of the group-specific survival function at a given value of the covariate vector ẑ
The survival estimates in equation (4) can be integrated to provide estimates of RMST and the difference in RMST between treatment groups at a given value of z. Due to the non-linearity of the model, group differences in RMST will vary for different values of z, unlike standard ANCOVA in the linear case. Karrison 21 therefore proposed averaging over the marginal covariate distributions across both treatment armŝ
to obtain an overall adjusted treatment differencê
Chen and Tsiatis 23 showed thatd can, in fact, be interpreted as an estimate of the average causal treatment effect
The large sample variance ofd can be obtained by the delta method and is derived in the cited papers. Of note, Karrison and Zucker conditioned on the covariates, whereas Chen and Tsiatis treated the covariates as random, which gives rise to an additional variance component. We have included this additional component in our calculations. Chen and Tsiatis also considered a more general model in which both the baseline hazard and the regression coefficients for the covariates are allowed to vary by treatment; however, our preference is for the more parsimonious model (3).
Simulation study
We conducted a simulation study to evaluate the performance of unadjusted and adjusted RMST comparisons in randomized, two-arm clinical trials. In all simulations, data were generated from a Weibull model with a pre-specified treatment effect parametrized by u in the case of a proportional hazards treatment effect and one or more covariates. For non-proportional hazards treatment effects, different scale and shape parameters were specified for each treatment arm. Unadjusted models and models adjusting for the covariates were fitted in each data set. RMST estimates from these simulations were then used to investigate the effect of covariate adjustment and model misspecification on bias, coverage rates, power and efficiency (relative to the unadjusted estimator). Results from fitting Cox regression models were also generated. Simulation scenarios are summarized in Supplementary  Table S1 .
True survival times (T 0 i ) were drawn with underlying survival function S(t) = exp( À at g ), where a is the Weibull scale parameter and g is the shape parameter. We simulated RCTs with uniform accrual over 5 years followed by two additional years of follow-up; thus, censoring times were distributed uniformly, c i ;Unif (2, 7). The observed survival time was taken as T i = min(T 0 i , c i ), with the censoring indicator denoting whether the event was observed (D i = 1) or censored (D i = 0). We investigated effects of covariate adjustment for two types of covariates: predictive covariates Z j , where b j 6 ¼ 0 in the true model, and unrelated covariates X j . Data were generated so that the effect of Z j on survival satisfied the proportional hazards assumption in all simulations, whereas the effect of treatment (I TRT ) satisfied the proportional hazards assumption in Scenarios 1, 4, and 5, and was non-proportional hazards in Scenarios 2 and 3. Restriction point was set at t Ã = 5 in all simulations. Of note, even though t Ã was 5 years, to maintain efficiency for the estimation of covariate effects in adjusted models, deaths and censorings occurring after 5 years were included ''as is'' (i.e. were not censored at 5 years).
In Scenarios 1-4, we investigated the effect of covariate adjustment when the true model has only one or two prognostic covariates. In Scenario 5, we examined the effect of covariate adjustment when the true data generating mechanism involves multiple correlated prognostic covariates with varying degrees of correlation and magnitude of the effect on survival. R = 3000 replications were performed for each scenario. Figure 1 shows the true survival curves for each of the five scenarios, with the covariate(s) set to their expected or representative value(s).
Scenario 1
Survival times were generated under a proportional hazards treatment effect with a single prognostic covariate Z 1 and a single non-prognostic covariate X 1 . For t Ã = 5 years, the true difference in restricted means (average causal treatment effect from equation (5)) in the non-null case is d = :90 years. Simulation results are presented in Table 1 under the null hypothesis of no treatment effect, that is, when u = 0. Table 2 presents simulation results when the treatment effect is u = ln (2). The total sample sizes were N = 100, 130, and 150 (n = 50, 65, and 75 per arm). Results are presented for four sets of models: unadjusted, adjusted for the prognostic covariate Z 1 , adjusted for the unrelated covariate X 1 , and adjusted for both Z 1 and X 1 .
We found that in all models, the estimates of the treatment effect are essentially unbiased. The average model-based standard errors (ASE = mean over R replications of the estimated standard error ofd) are close to the empirical standard errors (ESE = standard deviation ofd across R replications). Rejection rates under the null hypothesis and coverage rates under the alternative are close to the nominal 5% and 95% levels, respectively. In Table 2 , adjustment for Z 1 or both Z 1 and X 1 leads to a 17%-20% improvement in efficiency relative to the unadjusted estimator, while adjustment for only the non-prognostic covariate X 1 leads to no increase in efficiency. Correspondingly, adjustment for Z 1 (or both Z 1 and X 1 ) increases power, whereas adjustment for the unrelated covariate X 1 results in no change in power compared to the unadjusted estimate. Of note, this is in contrast to Cox regression analysis (Supplementary Table S2) , where the unadjusted estimates of the log hazard ratio, as well as estimates from models that adjust for X 1 alone, are ''biased'' toward zero, and the standard error of the treatment effect estimate does not decrease when adjusting for prognostic covariate Z 1 . (As discussed above, ''bias'' and coverage rates here are with respect to the parameter u in the model incorporating Z 1 .) However, the ''bias'' is removed and power is increased when the correct model is fitted. Moreover, power from fitting the Cox regression model was similar to the power obtained for the restricted means analysis for all estimators-both unadjusted and adjusted.
Scenario 2
Here, we generate survival times in each treatment group from Weibull distributions with different scale and shape parameters, thus allowing the treatment effect to be non-proportional hazards. Setting a 1 = 0:18, g 1 = 1:50, a 2 = 0:20, g 2 = 0:75, and b 1 = ln(2) produces survival curves that separate early but converge at 5 years (decreasing hazard ratio), with a true d = 0:96: Simulation results in Table 3 show that both unadjusted and adjusted estimates of d are unbiased, with coverage rates close to their nominal 95% levels. Adjustment for the prognostic covariate Z 1 Figure 1 . True survival curves at expected values of the covariates (for Scenario 4, the binary covariate Z 2 is set to 0). (or both Z 1 and X 1 ) leads to an efficiency increase of 15%-21% relative to the unadjusted estimator, as well as increased power, whereas adjustment for X 1 alone provides no improvement in either. Supplementary  Table S3 shows simulation results from fitting Cox proportional hazards models in this setting. In Cox models, adjusting for Z 1 does not reduce standard errors but does increase power. We also found that the power from the Cox regression analysis, whether unadjusted or adjusted, is lower than the corresponding power for the comparison of restricted means.
Scenario 3
In this scenario, the treatment effect is again nonproportional hazards, such that the survival curves are similar over the first year and then separate (increasing hazard ratio), with a true d = :50 years. Sample sizes were increased to N = 150, N = 200, and N = 250 (75, 100, and 125 per arm). The simulations in Table 4 again show that all estimates are unbiased, and when comparing restricted means between groups, both efficiency and power are increased if the model includes 
Scenario 4
We return to considering a proportional hazards treatment effect but with two prognostic covariates and one non-prognostic covariate. We generated Z 1 ;N(0, 1) and Z 2 independently as a binary covariate taking values 0 and 1 with probability .5. X 1 ;Unif (0, 2) was generated independent of Z 1 and Z 2 , and we set Table 5 shows efficiency and power, along with the other metrics, for the unadjusted model, as well as models that adjust for different combinations of covariates (e.g. only Z 1 , only X 1 , Z 1 and X 1 , etc.). Compared to the unadjusted estimator, adjusting for X 1 does not increase efficiency. Adjusting for Z 1 increases efficiency by about 6%, adjusting for Z 2 increases efficiency by about 3%, and adjusting for both prognostic factors increases efficiency by 8%. Correspondingly, the power is increased slightly from 82% for the unadjusted estimator to a little over 84% when adjusting for both Z 1 and Z 2 . This simulation suggests that efficiency gains may be relatively minor when covariates have only modest prognostic effects. Supplementary Table S5 shows that in the case of Cox regression, ''bias'' is reduced and power increased when the prognostic covariates are added, but again the magnitudes of the gains are modest due to the smaller covariate effects.
Scenario 5
In the last scenario, we consider five correlated prognostic covariates (Z 1 , . . . , Z 5 ) and five unrelated covariates (X 1 , . . . , X 5 ) that are not associated with outcome, and a treatment effect that satisfies the proportional hazards assumption. Both sets of covariates were generated from a multivariate normal distribution with mean and correlation structure as shown in Table S1 . Z 1 is not correlated with Z 2 , . . . , Z 5 , but Z 2 , . . . , Z 5 are correlated with each other, with r ranging from .1 to .3, and similarly for X 1 , . . . , X 5 . Survival times were generated from a Weibull distribution with a = :16 and g = 1:25, and the magnitude of the covariate effects decreased from Z 1 to Z 5 . The treatment effect was set at u = ln (1:75). The sample size was N = 200 (n = 100 per treatment group). The true average causal treatment effect at t Ã = 5 years is d = :60. X''). Moving up vertically are models adjusting for X 1 , X 1 + X 2 , . . . , X 1 + Á Á Á + X 5 , whereas moving horizontally to the right adds Z 1 , Z 1 + Z 2 , . . . , Z 1 + Á Á Á + Z 5 . The upper right-hand corner includes all 10 covariates. All models yield estimates with little or no bias, while progressively adjusting for the prognostic covariates increases statistical efficiency and power. Heat maps from fitting Cox regression models under this scenario are shown in Supplementary Figures S1A and S1B. We again see that model misspecification in the Cox regression analysis leads to negatively ''biased'' estimates. Power is noticeably increased as prognostic covariates are added to the model because the negative ''bias'' is gradually removed.
The covariate effects in Scenario 5 are somewhat large. For example, b 1 = ln (2) implies a hazard ratio of 4 for Z 1 equal to one standard deviation below the mean compared to one standard deviation above the mean. As a result, the efficiency for the RMST comparison relative to the unadjusted estimate ranged from 1.34 with the inclusion of Z 1 to 2.07 with the inclusion of all five covariates. We re-ran the simulations for Scenario 5 with smaller covariate effects, that is, we set the coefficients to ln(1.5), ln(1.25), ln(1.1), ln(.9), and ln(.75) for b 1 À b 5 , respectively. Not unexpectedly, the efficiency gains were more modest, ranging from 1.16 
Example
As an example, we analyze data from the DeCIDE trial, 24 an RCT of induction therapy plus chemoradiotherapy (I + CRT) versus chemoradiotherapy (CRT) alone in patients with locally advanced squamous cell carcinoma of the head and neck. Patients with non-metastatic N2 or N3 disease were randomized to receive either two cycles of induction therapy followed by five cycles of chemoradiotherapy or five cycles of chemoradiotherapy only. A total of 273 evaluable patients were enrolled and followed for up to 7 years. The Kaplan-Meier curves for recurrence-free survival, defined as the time from randomization until disease recurrence or death from any cause, are shown in Figure 3 . Recurrence-free survival is higher in the induction therapy plus chemoradiotherapy arm after 1 year, but the difference is not statistically significant by the log-rank test (p = .16). Estimating RMST at t Ã = 5 years gives the following unadjusted RMST estimates (6standard error (SE)): Thus, in the induction therapy plus chemoradiotherapy arm, RMST restricted to 5 years was estimated to be 3.64 years, and patients achieved 73% of potential recurrence-free life years (over a 5-year horizon) compared to 3.32 years and 66% in the chemoradiotherapy-only arm. The absolute difference in restricted means is .32 years (ratio 1.10), but is not statistically significant (p = .19). The p-value is very close to the p-value from the log-rank test.
Next, we obtain the RMST estimate adjusting for five prognostic covariates that were all significantly associated with recurrence-free survival in univariate analyses, that is, Karnofsky performance score, T-stage, N-stage, age, and smoking status. 
Discussion
Our simulation study suggests that analysis of restricted means based on the stratified Cox model (3) is similar to ANCOVA for linear models, in that adjusting for covariates associated with the outcome provides increased precision for the treatment effect contrast, whereas adjustment for non-prognostic covariates produces no improvement. Our findings suggest that incorporating covariates into the model can improve precision if they are appropriately chosen. A conservative approach to design clinical trials that compare RMST could be to power the study based on the expected precision of the unadjusted estimator, and then to incorporate covariates into the final analysis to narrow the confidence interval width and increase power. However, there can be downsides to this strategy. As shown by Beach and Meier, 25 adjustment for covariates in RCTs affords the analyst the opportunity to select the model that provides the strongest evidence for a treatment effect-so-called ''p-value shopping.'' One solution to this problem is to pre-specify in the protocol the set of covariates that one will include in the model based on a priori knowledge about which factors are likely to affect survival, that is, known prognostic factors. Alternatively, Tsiatis et al. 26 have developed a strategy for covariate adjustment that avoids this pitfall and which could potentially be adapted to RMST.
A nice feature of the analysis of restricted means, as suggested by our simulation studies, is that unadjusted estimates, as well as estimates from models that include only some of the true prognostic factors, show little or no bias. This implies that while some efficiency may be lost, the treatment effect estimator is centered at the same target even when the model is misspecified and influential covariates are omitted. In addition, the estimand can be interpreted as the average causal treatment effect, and its interpretation does not rely on proportional hazards or other parametric assumptions.
Finally, we reemphasize that RMST estimates require careful interpretation. If the survival estimates are at or near zero toward the end of the follow-up period, the restricted mean will be close in magnitude to the overall mean. But this is frequently not the case in clinical trials where the follow-up time can be relatively limited, resulting in high censoring rates, and such that survival estimates remain above 25% or even above the 50th percentile as, for example, in the DeCIDE trial. If survival rates differ at the end of the follow-up period and the true curves remain separated, the difference in restricted means will underestimate-potentially seriously underestimate-the difference in overall means. Thus, RMST informs us only about the survival experience up to the limit of observation. What else could it do? Only parametric assumptions or extrapolation beyond the observation period would give us estimates of the overall mean, and few would likely want to rely on such an approach. Nonetheless, with these caveats in mind, analysis of RMST can provide informative results about the effects of treatment on survival in clinical trials and be a useful complement to standard methods.
